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Old-age survival is a good indicator of population health and regional development. We evaluated the
spatial distribution of old-age survival across Porto neighbourhoods and its relation with physical (bio-
geophysical and built) and socioeconomic factors (deprivation). Smoothed survival rates and odds ratio
(OR) were estimated using Bayesian spatial models.
There were important geographical differentials in the chances of survival after 75 years of age.
Socioeconomic deprivation strongly impacted old-age survival (Men: least deprived areas OR¼1.31(1.05–
1.63); Women OR¼1.53(1.24–1.89)), explaining over 40% of the spatial variance. Walkability and bio-
geophysical environment were unrelated to old-age survival and also unrelated to socioeconomic de-
privation, being fairly evenly distributed through the city.
& 2016 Elsevier Ltd. All rights reserved.1. Introduction
Today, 52% of the world population, 76% of Europeans, and 63%
of the Portuguese resides in urban areas (WB, 2014). For decades,
urbanization was thought as synonymous with humanblica, Universidade do Porto,
. Ribeiro),
n@gmail.com (R. Autran),
uz.br (M.S. Carvalho),
O-7491 Trondheim, Norway.
ísica, Saúde e Lazer, Rua Dr.
versidade do Porto, Rua do
undação Oswaldo Cruz, Av.
21045-900 Rio de Janeiro, RJ,
rmação Cientíﬁca e Tecnoló-
365 – Pavilhão Haiyy Mous-
asil.development and health (Stephens, 1996). However, recent studies
have shown these settings hold important inequalities and
harmful exposures (Vlahov et al., 2007; WHO/UN-HABITAT, 2010).
Residential segregation by socioeconomic position, race and
ethnicity, can be observed in most urban settings (Kramer and
Hogue, 2009). Residential segregation refers to the spatial se-
paration of social groups within a certain geographical area
(Massey and Denton, 1988). This socio-spatial process causes im-
portant environmental differences between neighbourhoods. For
instance, afﬂuent neighbourhoods are more likely to attract
health-promoting amenities, such as healthy food shops, exercise
facilities, services, commerce or cultural spaces, and to exclude
hazards, such as pollutant industries or heavy trafﬁc roads (No-
gueira, 2010; Stephens, 1996; Woolf and Aron, 2013). Together
with socioeconomic deprivation, social fragmentation and isola-
tion represent another negative feature of urban living. But, evi-
dence exists that living in a walkable and mixed use neighbour-
hood might counteract these problems by improving social capital
and by encouraging pedestrian use of streets (Hanibuchi et al.,
2012; Leyden, 2003).
Urban residents are also generally exposed to poorer physical
A.I. Ribeiro et al. / Health & Place 41 (2016) 100–109 101environments than their rural counterparts (Burkart et al., 2015;
Marzluff et al., 2008; Vlahov et al., 2007) – high pollution levels,
lack of natural greenspace, and frequent temperature extremes. All
these inﬂuences have well-documented consequences for the
health and survival of the populations (Burkart et al., 2015; Hajat
et al., 2007; Shumake et al., 2013; Takano et al., 2002).
The social and environmental polarization that occurs in urban
settings creates the ‘perfect’ circumstances to produce health in-
equalities between neighbourhoods in mortality and life ex-
pectancy, as numerous studies have found (Borrell et al., 2014;
Diez Roux et al., 2004; Domínguez-Berjón et al., 2010; Gotsens
et al., 2013; Hoffmann et al., 2014; Mari-Dell'Olmo et al., 2015).
Some of these studies have also observed that, although inequal-
ities are universal, their magnitude varies greatly from setting to
setting and seem to be considerably smaller in southern European
cities than in other places in Europe (Borrell et al., 2014; Gotsens
et al., 2013; Hoffmann et al., 2014; Mari-Dell'Olmo et al., 2015).
This is thought to be the result of differences in social pattering of
health-related behaviours (Mackenbach et al., 2008; Mari-
Dell'Olmo et al., 2015) Studies that have looked at the variations in
health within Portuguese urban settings have been restricted to
the capital city, Lisbon (Borrell et al., 2014; Gotsens et al., 2013;
Hoffmann et al., 2014; Mari-Dell'Olmo et al., 2015; Santana et al.,
2015), and none of these studies have speciﬁcally addressed life
expectancy and mortality of the eldest. Gains in life expectancy are
currently driven by increases in old-age survival (Kannisto, 2000;
Mathers et al., 2014). Therefore, old-age survival represents an
important indicator of population health at the current stage of
the epidemiological transition. Moreover, there are reasons to
believe older populations might be particularly vulnerable to the
characteristics of their immediate residential environment: cli-
mate extremes and air pollution have starker effects on the oldest
(Hajat et al., 2007); older people might more frequently interact in
the context of the neighbourhood; and might be more dependent
on their local resources (shops, services, healthcare, recreation)
(Diez Roux et al., 2004).
The fact that urban settings hold a variety of realities in a re-
latively small area makes them the ideal place to study and
monitor health inequalities, and to implement actions against
them. Moreover, because cities are human-designed places, con-
stantly under construction, the identiﬁcation of health inequalities
and their causes may be able to support a health policy response
by the municipal governments (Collins and Hayes, 2010).
Therefore, the aim of this study is to describe the spatial in-
equalities in old-age survival across the second most important
urban area of Portugal, Porto, and to evaluate the role of socio-
economic and physical environmental factors in shaping those
patterns. With that intent, three composite indicators will be used:
the European Deprivation Index, to characterize the socio-
economic status of the neighbourhoods; the physical environ-
mental deprivation index, to characterize biogeophysical en-
vironment (climate, pollution and greenness); and the walkability
index to characterize the built environment in terms of availability
and accessibility of destinations. The relations between these in-
dicators will be explored too, so we will assess whether or not
people resident in deprived areas are exposed to more detrimental
physical environments.1
2
32. Methods
2.1. Study area
Porto municipality is located in the northwest of Continental
Portugal and comprised approximately 238,000 inhabitants in
2011 (INE, 2011), distributed across 41.7 km2.Porto is limited by the Atlantic coast, and extends along the
Douro River estuary. It is an industrial and port town within the
Porto Metropolitan Area, the second largest metro area of Portugal
with roughly 1.3 million inhabitants.
2.2. Outcome
Life expectancy and mortality data at old ages in Portugal are
not available at neighbourhood level and even if they could be
obtained estimating life expectancy for such small areas comes
with well-documented problems – large standard errors and
overestimation of life expectancy after 85 and 95 years of age
(Eayres and Williams, 2004; Scherbov and Ediev, 2011).
Therefore, we had to derive a measure of old-age survival
( =ri
y
n
i
i
) that expresses the probability of people aged 75–84 years
surviving for an additional ten years, i.e., surpassing the average
life expectancy (Ribeiro et al., 2016). Where ri is a ten-year survival
rate, i¼1,…,109 denotes area, the variable y represents the po-
pulation aged 85–94 years old in 2011 and n the population aged
75–84 years old ten years before, in 2001.
2.3. Neighbourhoods
Population data for the above mentioned age groups was only
available at census block group (CBG) level. As most covariates
dated back to 2001, we used 2001 CBG as the geographical unit
(n¼413; average population of 637 inhabitants). However, due to
the boundary’s changes of CBG between 2001 and 2011 and the
presence of areas with very few or no residents aged 85–94 years
in 2011, we aggregated the areas into 109 ‘super’ CBG, which be-
came our ﬁnal units of analysis, from now on simply referred to as
neighbourhoods. This aggregation strategy meant each neigh-
bourhood held an average of 30 and 70 inhabitants, for the age
groups 85–94 and 75–84 respectively.
CBG areas were combined to form the neighbourhoods using
the SKATER algorithm (Spatial 'K'luster Analysis by Tree Edge Re-
moval) (Assunção et al., 2006), implemented in R package
‘spdep’(Bivand, 2015). SKATER is a regionalization approach that
partitions a minimum spanning tree through a tree edge-removal
procedure that focuses on edges with high dissimilarities, in this
case focussing in particular upon socioeconomic deprivation dif-
ferences. It allowed us to keep intact functional/natural geo-
graphical units to ensure combined areas were similar in terms of
socioeconomic composition, housing typology, building style and
age. This was conﬁrmed afterwards by overlaying the new
neighbourhoods with satellite imagery.
2.4. Covariates
2.4.1. Socioeconomic deprivation
The European Deprivation Index (EDI) was used to classify
small areas according to their level of socioeconomic deprivation.
The EDI is a transnational multivariate index developed for ﬁve
European countries, France, England, Italy, Spain, and Portugal.
The EDI was constructed in three steps using both individual
and area level census data. These steps are detailed elsewhere
(Guillaume et al., 2015) but in brief were:
) Construction of an individual level indicator of deprivation,
based on EU-SILC (EU-Statistics on Income and Living Condi-
tions) information;
) Identiﬁcation of variables available both at individual level (EU-
SILC) and at area level (2001 national population census); and
) Determination, at individual level, whether the set of area level
variables from the census selected at step 2 were associated
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A.I. Ribeiro et al. / Health & Place 41 (2016) 100–109102with the indicators of individual deprivation created in step 1.
The associated census variables were then included in the
formula of EDI. The ﬁnal EDI score was based upon the weighted
sum of these variables. The weights were the regression coefﬁ-
cients that measured the association between the indicator of in-
dividual deprivation and the variables from the census that were
also available at individual level identiﬁed at step 2.
The index was normalized and then classiﬁed into ten classes
(C1 – least to C10 – most deprived). Cut-offs for these theoretical
deciles, were deﬁned based on standard deviations from the
overall mean, and they were then customized so that the classes
included a balanced number of neighbourhoods (cut-off-
s¼1.28,0.84, 0.52, 0.25, 0, 0.25, 0.52, 0.84, and 1.28). This
approach avoids the well-known problems of using empirical
quintiles, which assume homogeneity of risk within groups
(Bennette and Vickers, 2012).
2.4.2. Physical environment
2.4.2.1. Measure of multiple physical environmental deprivation
(Porto-MEDIx)
A measure of multiple physical environmental deprivation
(Porto-MEDIx) was built for each of the 109 neighbourhoods of
Porto following the principles used in the development of the
nationwide Portuguese multiple physical environmental depriva-
tion index (PT-MEDIx) (Ribeiro et al., 2015). The choice of the
physical environmental variables to include in PT-MEDIX was
based on an extensive literature review and was then validated by
checking if the selected variables were related to health.
However, because PT-MEDIx was generated at municipality
level (100 times larger than CBG), the spatial resolution of the
previous datasets were not adequate for creating an indicator at
neighbourhood level. In addition, certain exposures included in
PT-MEDIx, such as those related to the quality of the drinking
water or industry proximity, are homogeneous across the city of
Porto, hence irrelevant in this context.
Consequently, we generated the Porto-MEDIx, which included
all the physical environmental domains covered by the nationwide
version of the index, PT-MEDIx, excluding drinking water quality
and industry proximity. In contrast to the national version of the
index, Porto-MEDIx was developed using alternative high resolu-
tion datasets that covered the following environmental domains:
air pollution (particulate matter o10, nitrogen dioxide, carbon
monoxide), climate (mean temperature of the coldest and warm-
est month), and greenspace availability (NDVI, Normalized Dif-
ference Vegetation Index). Included variables and procedures are
summarized in Table 1.
The neighbourhoods in the highest quintile of exposure re-
ceived a score of þ1 for harmful factors and 1 for beneﬁcial
factors. The Porto-MEDIx classiﬁcation of each neighbourhood was
the sum of these scores and, ranged from 1 (least environmental
deprivation) to þ2 (most). A sample calculation is shown in
Table 1.
2.4.2.2. Walkability index
Neighbourhood walkability is an indicator of local accessibility
and destinations. It is typically composed of four elements (Frank
et al., 2010). One of these, the ratio of retail building ﬂoor areas
was not possible to compute in Porto, so our index incorporated
the following three variables:
 Residential density: obtained by calculating the density (num-
ber per area) of households within each neighbourhood. Data
from the 2011 population and housing census was used for this
purpose.
A.I. Ribeiro et al. / Health & Place 41 (2016) 100–109 103 Street connectivity: obtained by computing the density of street
connection (number per area) within each neighbourhood. Only
the streets that allowed pedestrian circulation were considered.
Environmental Systems Research Institute, ESRI, Street map for
ArcPad was used for this calculus.
 Land-use mix: obtained by computing the entropy score for
each neighbourhood, with values ranging from 0 (low land use
diversity) to 1 (high land use diversity). Four land uses were
considered, commercial, residential, recreational, and educa-
tional. Different datasets had to be used to ascertain land-uses:
2011 census data, European Environment Agency Urban Atlas
land-use map, and points of interest from ESRI Street Map for
ArcPad.
Each of these variables where standardized and the walkability
score was obtained by summing them (no weighting). The walk-
ability index was then categorized in 10 classes following the
approach adopted for socioeconomic deprivation.
2.5. Statistical analysis
To take into account the spatial autocorrelation and large var-
iance of small areas, we used Hierarchical Bayesian spatial models.
To account for the fact that the effect of each covariate class de-
pends on the effect of the previous (ordered categorical covariate),
and to allow for ﬂexible slopes in the risk curve, ﬂexible regression
models were employed.
We assumed that the response variable, number of survivors in
each area i and gender j ( )Yij , follow a Binomial distribution, where
pij is an unknown survival rate and nij is the population aged 75–84
years old ten years before (Eq. 1).
( )~ ( )Y Bin n p, 1ij ij ij
The logit of the survival rate is modelled considering gender,
and the interaction between the covariates and gender xij and area
(Eq. 2.1).
( ) η= = + ( )+ ( )logit p gender f x s 2.1ij ij j j i i
Where ηij is the linear predictor, genderj is an intercept in the
model that is speciﬁc for each gender, ( )f xj i is the gender speciﬁc
effect of each covariate, which assumes the value xi for the area i,
and si is the area speciﬁc effect.
The function fi assumes a nonlinear effect of the covariates.
This nonlinear effect is modelled as a ﬁrst order randomwalk prior
over the covariates’ classes, that is, a normal distribution, whose
mean at each class is an average over the neighbouring classes
(Martino and Rue, 2009). As xi was categorized into classes, we can
simplify ( )f xj i into elj, which denotes the effect of covariate class, l,
for gender j.
The area speciﬁc effect si was modelled considering a BYM
model (Besag et al., 1991) with a parametrization suggested by
Dean and colleagues (Dean et al., 2001) (Eq. 2.2.).
τ φ φ= ( * + − * ) ( )s u v1 2.2i i i
where ui is the structured effect and vi is the unstructured effect.
The uieffect was scaled as suggested in (Sørbye and Rue, 2014) in
order to make the model more intuitive and interpretable (Riebler
et al., 2016), so that φ expresses the proportion of the spatial effect
due to the structured part and 1/τ is the marginal variance of si. A
penalised complexity prior was considered (Simpson et al., 2015).
Considering the model deﬁned by the Eqs. (1) and (2.1), the
exponential of the gender main effect is the ratio between the
men’s odds of survival and women’s odds– the gender odds ratio
(OR). Because the covariates and area speciﬁc effects were both
constrained to sum-to-zero, the exponential of a speciﬁc si is theratio between the odds of survival in the area i and the odds of the
entire population – the area speciﬁc OR. Similarly, the exponential
of elj is the ratio between the odds of survival of the covariate class
l and gender j and the overall odds for the entire population – the
covariate and gender speciﬁc OR. For example, an OR of 1.10 in a
certain covariate class (e.g. least socioeconomically deprived) and
gender (e.g. male), means that for that gender and covariate class
the odds of survival is 10% higher than the overall odds survival of
the entire population of that gender. An OR would be considered
signiﬁcantly higher or lower if its 95% CrI does not include the
value 1. Odds ratio and 95% credible intervals (95% CrI) were de-
rived from their posterior means and quantiles. Posterior dis-
tributions were obtained using the Integrated Nested Laplace
Approximation (INLA), which was implemented in the R INLA li-
brary (Rue et al., 2009).
The model from Eq. (2.1) was our ﬁnal model, but we have
started with a simple model, where we included only the gender
speciﬁc intercept and the spatial effect si, and then each covariate
was successively introduced. Three different measures of goodness
of ﬁt were used (Deviance Information Criteria, Watanabe-Akaike
information criterion and Conditional Predictive Ordinate) to
compare models. The relative reduction in the variance of spatial
effect (τ) was also evaluated to ascertain to what extent covariates
contributed to explaining the spatial variation of old-age survival.
Spatial patterns were characterized using the function excur-
sions (Bolin and Lindgren, 2015). This method uses the posterior
joint distribution computed from INLA and takes into account the
dependence structure, allowing the accurate identiﬁcation of areas
where the survival probability is greater/smaller than a certain
threshold. In this study, we deﬁned the mean old-age survival
rates of each gender as the threshold. For this analysis, a simple
model (with gender and spatial effect only) was used. A sig-
niﬁcance level of 0.05 was adopted.3. Results
3.1. Correlation between walkability, physical environment and so-
cioeconomic deprivation
The spatial distribution of walkability, physical environment
and socioeconomic deprivation is shown in Fig. 1. We did not ﬁnd
signs of correlation between these covariates. There is no evidence
that the biogeophysical and built environment was worst in the
most deprived areas, as the correlation coefﬁcient was near 0.02
and statistically non-signiﬁcant.
3.2. Spatial patterns and statistical modelling
On average, in Porto, the proportion of 75-84 years old popu-
lation that reached 85-94 was 34.9% (range: 22.0-54.2) among
men and 45.7% (25.9-72.0) among women. These ﬁgures conceal
important spatial inequalities (more than a 2.5-fold difference in
survival between areas). The spatial distribution of old-age survi-
val is depicted in Fig. 2. Dash-lines indicate areas with signiﬁcantly
higher survival, and those ﬁlled with dots had signiﬁcantly lower
survival. In general, the areas of lower old-age survival were lo-
cated in the bottom center (the old-town) and in the eastern part
of the city, and those with higher old-age survival were con-
centrated in the western part of the city, coinciding with the
patterns of socioeconomic deprivation seen in Fig. 1.
Survival rates dropped linearly as socioeconomic deprivation
increased. Survival rates of the least socioeconomically deprived
areas averaged 42.0% among men and 55.7% among women; in the
most deprived areas these were 26.5% and 34.0% respectively.
Fig. 1. Spatial distribution of the covariates socioeconomic deprivation, physical environmental deprivation and walkability index across Porto neighbourhoods.
A.I. Ribeiro et al. / Health & Place 41 (2016) 100–109104
Fig. 2. Spatial distribution of the 10-year survival rates posterior mean across Porto neighbourhoods for men and women.
A.I. Ribeiro et al. / Health & Place 41 (2016) 100–109 105Regarding the Porto-MEDIx and the walkability index, areas with
poorer biogeophysical and less walkable environments had similar
survival rates as those with better attributes.Tables 2 and 3 show the RRs and corresponding 95% CrI for the
association between old-age survival and each of the covariates.
There is a clear and linear relationship between old-age survival
Table 2
Association between old-age survival, socioeconomic deprivation, physical environmental deprivation and walkability index (Men).
Model 1 Model 2 Model 3
OR (95%CrI)a (socioeconomic deprivation
only)
OR (95%CrI) (plus physical env.
deprivation)
OR (95%CrI) (plus walkability
index)
Socioeconomic deprivation
1 (least deprived) 1.32 (1.061.65) 1.31 (1.051.64) 1.31 (1.051.63)
2 1.24 (1.051.45) 1.23 (1.041.44) 1.23 (1.041.44)
3 1.32 (1.201.61) 1.31 (1.101.60) 1.32 (1.101.61)
4 1.25 (1.051.51) 1.24 (1.041.50) 1.24 (1.041.50)
5 1.14 (0.961.36) 1.14 (0.961.36) 1.14 (0.961.35)
6 0.93 (0.781.11) 0.94 (0.781.11) 0.94 (0.781.11)
7 0.86 (0.711.02) 0.86 (0.721.03) 0.86 (0.721.03)
8 0.79 (0.640.95) 0.79 (0.640.96) 0.79 (0.650.96)
9 0.74 (0.620.88) 0.75 (0.630.88) 0.74 (0.620.88)
10 (most deprived) 0.70 (0.580.85) 0.71 (0.580.86) 0.70 (0.580.85)
Physical environmental deprivation
1 (least env. deprived) 1.02 (0.901.19) 1.02 (0.901.19)
0 0.97 (0.861.05) 0.97 (0.851.05)
þ1 0.98 (0.881.06) 0.98 (0.881.07)
þ2 (most env. deprived) 1.03 (0.911.22) 1.04 (0.921.22)
Walkability index
1 (higher) 0.90 (0.721.07)
2 0.90 (0.751.03)
3 0.96 (0.841.09)
4 1.01 (0.891.16)
5 1.05 (0.931.25)
6 1.04 (0.931.20)
7 1.03 (0.901.18)
8 1.03 (0.891.18)
9 1.03 (0.891.19)
10 (lower) 1.07 (0.911.29)
In bold, statistically signiﬁcant results.
a Odds ratio, OR, and corresponding 95% Credible Intervals, 95%CrI.
Table 3
Association between old-age survival, socioeconomic deprivation, physical environmental deprivation and walkability index (Women).
Model 1 Model 2 Model 3
OR (95%CrI)a (socioeconomic deprivation
only)
OR (95%CrI) (plus physical env.
deprivation)
OR (95%CrI) (plus walkability
index)
Socioeconomic deprivation
1 (least deprived) 1.55 (1.261.92) 1.53 (1.251.90) 1.53 (1.241.89)
2 1.46 (1.261.71) 1.45 (1.251.70) 1.45 (1.251.69)
3 1.23 (1.031.46) 1.23 (1.031.46) 1.24 (1.041.47)
4 1.12 (0.951.32) 1.11 (0.941.31) 1.11 (0.941.31)
5 1.04 (0.881.21) 1.04 (0.881.21) 1.03 (0.881.21)
6 0.97 (0.821.13) 0.97 (0.821.14) 0.97 (0.821.14)
7 0.92 (0.781.09) 0.92 (0.781.10) 0.92 (0.781.10)
8 0.78 (0.650.94) 0.79 (0.650.95) 0.79 (0.660.95)
9 0.70 (0.600.82) 0.71 (0.600.83) 0.71 (0.600.83)
10 (most deprived) 0.64 (0.530.76) 0.64 (0.530.77) 0.64 (0.530.77)
Physical environmental deprivation
1 (least env. deprived) 1.03 (0.921.21) 1.03 (0.911.21)
0 0.97 (0.861.04) 0.96 (0.861.04)
þ1 0.99 (0.901.08) 1.00 (0.911.08)
þ2 (most env. deprived) 1.01 (0.891.16) 1.02 (0.891.17)
Walkability index
1 (higher) 0.86 (0.691.02)
2 0.89 (0.751.02)
3 0.98 (0.871.11)
4 1.02 (0.921.18)
5 1.02 (0.901.17)
6 1.09 (0.971.28)
7 1.01 (0.891.14)
8 1.02 (0.891.14)
9 1.04 (0.911.19)
10 (lower) 1.10 (0.951.34)
In bold, statistically signiﬁcant results.
a Odds ratio, OR, and corresponding 95% Credible Intervals, 95%CrI.
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prived areas OR¼1.31(1.05-1.63); Women OR¼1.53 (1.24-1.89)).
The inclusion of socioeconomic deprivation in the model ex-
plained over 41% of the spatial variability. The addition of the re-
maining covariates did not alter that proportion signiﬁcantly and
the model adjustment parameters were almost unchanged or
became slightly worst. The ORs associated with the categories of
Porto-MEDIx and walkability were all statistically non-signiﬁcant.4. Discussion
This study aimed to characterize the spatial inequalities in old-
age survival in Porto, located in the second largest metropolitan
area of Portugal, and to understand how socioeconomic and
physical environments shape those differentials. We observed
clear spatial differences, and places with survival rates sig-
niﬁcantly higher/lower than expected. More than 41% of those
differences can be attributed to the socioeconomic characteristics
of the neighbourhoods. The effect of socioeconomic deprivation
did not seem to be mediated by environmental exposures, as no
signiﬁcant association between socioeconomic deprivation, phy-
sical environmental quality and walkability was observed. We also
found that these measures that describe the physical environ-
mental characteristics (built and biogeophysical) of the neigh-
bourhoods were not associated with old-age survival at all.
In a previous study assessing spatial differentials in survival
across Europe (Portugal inclusive) we found a nearly 2-fold dif-
ference between old-age survival rates in Portugal (Ribeiro et al.,
2016). Within Porto differentials were even wider (2.5- to 2.8-fold
difference), which is consistent with the literature on this topic.
Cities are unique settings with a high degree of residential seg-
regation (WHO/UN-HABITAT, 2010). We were able to delimitate
areas where survival rates were greater than expected through the
computation of excursion sets. In general, the worst areas were
located in the bottom center (the old-town) and in the eastern part
of the city, and the best ones concentrated in the western part of
the city. The areas of signiﬁcantly lower survival matched almost
perfectly the locations of social housing and of “ilhas” (meaning
“islands”) (Vásquez and Conceição, 2015), whereas those of higher
survival occur in the most afﬂuent neighbourhoods. “Ilhas” are a
unique type of housing of working classes, comparable to the
back-to-back houses in UK, and are usually of poor quality and
high population density.
Socioeconomic deprivation was the main culprit underlying the
observed geographical inequalities, accounting for over 41% of the
spatial variability. As numerous studies and reports have high-
lighted, socioeconomic factors are considered the fundamental
causes of health. We cannot directly compare our ﬁndings with
other studies, because the outcomes, measures of risk (OR versus
Relative Risk, RR) and covariates differ substantially. Still, our risk
estimates are not considerably different from those reported in a
series of studies on socioeconomic inequalities in all-cause
(highest RR, was 1.19 in Stockholm), injury-related (1.27 in Stock-
holm), avoidable (circa 1.3 in Helsinki) and other cause-speciﬁc
mortality (1.41 for chronic liver diseases in Stockholm) across
different European metropolitan areas (Borrell et al., 2014; Gotsens
et al., 2013; Hoffmann et al., 2014; Mari-Dell'Olmo et al., 2015).
Speciﬁcally for cardiovascular disease mortality, Domínguez-Ber-
jón and colleagues obtained RRs between 1.4 and 1.5 in Madrid
neighbourhoods (Domínguez-Berjón et al., 2010). The Lisbon area,
in Portugal, was contemplated in some of those studies, but it
seems its socioeconomic gradients in mortality were rather small:
RRs were generally lower than 1.1 and often statistically non-sig-
niﬁcant. It is perhaps surprising that in Lisbon, a city larger in size
and holding much more diverse population groups, the effect ofsocioeconomic deprivation was less clear than in Porto Yet, it
might reﬂect the fact mortality differentials are shifting to older
ages (Engelman et al., 2010); previous studies dealt with overall
and premature mortality, whereas ours is restricted to the eldest.
The geographical units of the research conducted in Lisbon were
also much larger than ours, which might conceal some socio-
economic differentials.
In contrast to what has been expected, we did not ﬁnd more
deprived areas to have poorer biogeophysical environments or to
be less pedestrian-friendly. This provides some clues about the
mechanism involved in the socio-spatial patterning of old-age
survival. According to the (neo)material model (Krieger, 2001),
socioeconomic factors affect health because people from lower
socioeconomic strain have lower ﬁnancial capacity and also tend
to reside in places with fewer community resources and greater
exposure to harmful environments. Our results are not fully con-
sistent with this theory, as no sign of unfair distribution in physical
environment was found. However, similar ﬁndings were reported
in some other European studies, suggesting in Europe environ-
mental injustice is not as obvious as, for instance, in the USA
(Deguen and Zmirou-Navier, 2010).
We did not ﬁnd any relation between our index of physical
environmental deprivation and old-age survival. The comparably
smaller role of physical environment compared to socioeconomic
factors is evident in numerous studies and reports (Domínguez-
Berjón et al., 2010; Hood et al., 2015; Keon and Pépin, 2009). Porto
has a relatively good access to greenspaces and exceedances of the
acceptable levels of air contaminants are infrequent, which might
explain their limited inﬂuence on old-age survival. On the other
hand, climate extremes (heat waves and cold spells) are quite
frequent in the city and can be fatal among vulnerable groups such
as seniors. With this in mind, we have looked at the separate
impact of climate-related variables (we also looked at the in-
dividual impact of the air pollution and greenspace), but we did
not ﬁnd any association (results not shown). It is plausible that
good material and social conditions (housing conditions, heating)
are enough to avoid the potentially harmful effects of climate
extremes (Klein Rosenthal et al., 2014).
Walkable and mixed use neighbourhoods are assumed to pro-
mote social interaction and health-related behaviours such as
physical activity (Hanibuchi et al., 2012; Leyden, 2003; Takano
et al., 2002; Van Holle et al., 2014), which in turn might affect old-
age survival (Wu et al., 2016). Despite the signiﬁcant amount of
positive ﬁndings, showing a beneﬁcial effect of neighbourhood
walkability, other studies have observed no link between walk-
ability and health-related behaviours or health outcomes (Van
Holle et al., 2014). Similarly, in our study, we did not ﬁnd any re-
lation between the walkability index and old-age survival. High
street connectivity might also be related to trafﬁc danger and
negatively impact elderly behaviours and well-being. We have also
looked at the impact of each variable that composes the walk-
ability index separately but did not ﬁnd any to be individually
associated with survival (results not shown).
The main limitation of the study is related to the Modiﬁable
Areal Unit Problem (MAUP). A different arrangement of the geo-
graphical areas could lead to different spatial patterns and relative
risks. Furthermore, the areas analysed varied in population size
which might affect our results and inﬂuence our ability to identify
areas with signiﬁcantly lower/higher survival. Excursions sets take
into account the credible intervals of survival rates, which become
wider as population counts decrease, so that for less populated
areas it will be more difﬁcult to reach statistical signiﬁcance.
Our study was also grounded on the assumption that people
have lived in the same area over the 10 year period of analysis;
migration of population aged 75 years or more although in-
frequent remains a possibility (Evandrou et al., 2010; Wu et al.,
A.I. Ribeiro et al. / Health & Place 41 (2016) 100–1091082015). Although there is no study of the mobility patterns and
frequency among older people from Porto, evidence from cross-
national studies suggest residential mobility is highly variable
(Sergeant et al., 2008) and it is much less frequent in Southern
European nations (ranging from 1.0 to 1.5%) than in Western
Europe (Tatsiramos, 2006). Using data from EPIPorto cohort we
were able to get an approximate picture of the frequency of re-
sidential mobility in Porto. The cohort was constituted in 1999–
2003 comprising a representative sample of 2485 adults (Z18
years of age) residing in Porto municipality (Ramos et al., 2004).
From wave 1 (1999–2003) to wave 2 (2005–2008) of the cohort, a
6 year period, 6.5% (n¼162) of the participants changed their
neighbourhood of residence, but this percentage was signiﬁcantly
lower after 75 years of age (n¼4; mobility 2.0%) (unpublished
work). Therefore, it is unlikely that our ﬁndings are driven by re-
sidential mobility patterns. Furthermore some evidence suggests
that residential mobility is most likely to cause an underestimation
of spatial inequalities and socioeconomic effects (Bryere et al.,
2015). Another limitation of the study, is related to the possibility
that the location of nursing homes, which might have lower sur-
vival among their community residents could have inﬂuenced the
analysis (Shah et al., 2013). Presence of nursing homes in parti-
cular neighbourhoods could lead to an underestimation of old age
survival. However, we did not ﬁnd a clear match between the lo-
cations of the areas of high and low survival and the location of
Porto nursing homes. Finally, there were potentially important
determinants for old-age survival we were not able to account for,
namely certain physical exposures such as noise and housing
conditions, and social support.
The main strength of the study is that, to our knowledge, it is
the ﬁrst analysing the magnitude of the old-age survival inequal-
ities across Porto neighbourhoods, which has important public
health and political consequences. Second, we used multivariate
covariates, to measure the physical and socioeconomic character-
istics of the neighbourhoods, whose construction was grounded
on solid theory and on previously validated methods. Third, we
have used robust statistical tools to identify patterns and measure
associations. These methods generate smoothed estimates,
avoiding random ﬂuctuations typical of small spatial units (and
populations). Frequently variables that explain variability in the
response, including possible confounding variables, also vary
spatially (Paciorek, 2010). Bayesian spatial models allowed us to
model the spatial structure of old-age survival and reduce con-
founding bias resultant from any unaccounted variables. In addi-
tion, we resolved part of this potential bias by including three key
multidimensional explanatory variables.
In summary, we found substantial intra-urban inequalities in
the chances of survival later in life within Porto. A large share of
the spatial variability was explained by the socioeconomic char-
acteristics of the neighbourhoods. Physical environment, biogeo-
physical and built, were unrelated with old-age survival and did
not seem to be mediating the socioeconomic effects. These ﬁnd-
ings demonstrate there is a high degree of socio-spatial segrega-
tion within Porto, suggesting the socioeconomic differentials in
southern European cities might not be as small as usually thought.
Policy makers should make an effort to tackle these pockets of low
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